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Abstract—This paper deals with artificial neural network 
(ANN) and fuzzy logic based real-time maximum power point 
tracking (MPPT) control of PV modules. ANN is utilized to 
determine the estimated optimum voltage of the PV module 
based on the input of open circuit voltage and cell temperature. 
The fuzzy logic controller using polar information develops 
control signal in real-time to keep the dc side voltage of PV 
module to its estimated optimum one. Development of real-time 
simulator for the MPPT control of PV modules is also 
presented. The real-time simulator is very helpful to track 
down the MPPT on different types of PV modules, even without 
having the PV modules hardware.  Verification through the 
real-time simulator shows that the proposed controller can 
respond accurately to any environmental variation in PV 
module.   
I.  INTRODUCTION 
 
Solar energy usage and penetration have recently 
increased significantly due to global environmental reasons 
and sustainable energy development. The solar energy 
technology can guarantee more secure power sources which 
are air and noise pollution-free, have longer lifetime and 
require low maintenance [1]. The technology also offers very 
competitive price and better reliability. The worldwide 
annual growth capacity has averaged a little more than 30% 
since the last decade [2].  As a result, solar energy is used in 
a wide range of applications; from rural energy 
electrification in [3] to satellite communication in [4]. 
However, it still remains a big challenge for the global 
community to maximize the use of solar energy. 
The power output of PV module is intermittent due to 
variations in irradiance level and cell temperature. 
Therefore, it is very important to track the maximum 
available power output of PV module in order to match 
optimally with power load consumption. Several methods 
have been proposed to find out the MPPT of PV modules 
either analytically as in [5], by mechanical movement of the 
PV module stands as in [6] or by electronic control suggested 
as in [7]. An enormous achievement has been progressively 
made to identify the maximum power point operation of 
photovoltaic systems. 
Several papers have been proposed to show the 
application of ANN to identify the optimal operating point of 
PV modules in real-time. In [8], the optimal voltage is 
obtained by neural network using the input of open circuit 
voltage based I-V characteristic model and time parameter. 
Then, the MPPT is simply calculated by multiplying the 
optimal voltage by the optimal current which is gained from 
short circuit current. By using the environmental information 
explained in [9], irradiance level, temperature and wind 
velocity have been used as the input for the neural network to 
estimate the maximum power of PV module. A PI controller 
has also been proposed in [10] to control the MPPT in real-
time using estimated optimum voltage from neural network. 
The benefits of using ANN are that there is no requirement 
for knowledge on internal system parameters, requires less 
computational effort and provides a compact solution for 
multivariable problems [11]. 
In this paper, a combination of ANN and fuzzy logic 
controller is proposed for the MPPT control of PV modules. 
The open circuit voltage based I-V characteristic model and 
the cell temperature are used as the input and the voltage at  
maximum power point based I-V characteristic model is used 
as the target output for the neural network training process. 
The fuzzy logic controller using polar information is used to 
establish the control signal in real-time to keep the dc side 
voltage of PV module at optimum point. Then, the MPPT 
control is developed in real-time simulator by a simple 
multiplication between the dc side voltage and the current at 
maximum power point based I-V characteristic of PV 
modules. To justify the robustness of the proposed controller, 
several types of PV modules from different manufacturers 
and technologies (for instance, SIEMENS SM-55 PV module 
with monocrystalline silicon technology, First Solar FS-50 
with Cadmium Telluride (CdTe) and USSC US-21 with 
Triple Junction Amorphous Si (a-Si-3) technologies) are 
used. All simulation results were verified in real-time 
simulator. 
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II.  BASIC CONFIGURATION OF THE PROPOSED SYSTEM 
Fig.1 shows the basic configuration of the proposed 
system. There are three main blocks, i.e PV module, ANN 
and fuzzy logic controller blocks. The roles of the blocks are 
explained in the next sections. 
 
 
Fig. 1.  Configuration of the proposed system 
 
A.  PV Module Configuration 
The first feature of the PV module block is the I-V 
characteristic of PV model which is used to calculate the 
open circuit voltage (Voc) and the current at maximum-power 
point (Imp) for every variation in irradiance levels and cell 
temperatures of the module.   
In this study, the I-V characteristic is developed based on 
the mathematical model of Sandia’s PV Module Electrical 
Performance Model [12], [13]. The short circuit current (Isc) 
equation of PV module based on this model is presented as 
follows: 
 (1) 
 
where  
Isco Isc at E = 1000 W/m2, AMa = 1.5, Tc = 25oC,  
AOI = 0o 
f1(AMa) empirically determined polynomial relating spectral 
influence on Isc to air mass 
f2(AOI)  empirically determined polynomial describing AOI 
influence on Isc 
Eb beam component of irradiance on module 
fd  fraction of diffuse irradiance used by module 
Ediff  diffuse component of irradiance on module 
Isc normalized temperature coefficient for Isc 
Tc  temperature of cells inside module 
To  reference temperature for performance model, 25oC  
Equation (1) can still be simplified by assuming the AMa 
function is equal to 1.0 and combining the beam and diffuse 
components into single component irradiance, denoted by E; 
as presented in (2). 
 
 (2) 
 
where 
E  irradiance level  
Eo  reference irradiance, 1000 W/m2  
Other equations, such as current at maximum-power 
point (Imp), open-circuit voltage (Voc) and voltage at 
maximum-power point (Vmp), are presented in (3) to (5). 
 (3) 
 
 
 (4) 
  
  (5) 
 
 
where 
Voco Voc at Ee =1, Tc=To  
Impo Imp at Ee=1, Tc=To 
Vmpo  Vmp at Ee =1, Tc = To 
Imp  normalized temperature coefficient for Imp 
Voco temperature coefficient for Voc at 1000 W/m2 
Vmpo  temperature coefficient for Vmp at 1000 W/m2  
C0, C1  empirically determined coefficients relating Imp to 
irradiance 
C2, C3 empirically determined coefficients relating Vmp to 
irradiance  
Ns  number of cells in series in a cell-string 
The effective irradiance (Ee) and the thermal voltage per 
cell (Tc) are presented in (6) and (7), respectively.  
 
  
 (6) 
 
 
 
 (7) 
 
where 
n  empirically determined diode factor for each cell in 
module  
k  Boltzmann’s constant, 1.38066.10-23 J/K 
q  elementary charge, 1.60218.10-19 coulomb 
Later in this paper, the electrical performance of PV 
module is determined by setting the irradiance level (E) and 
cell temperature (Tc) as the input of PV-module.  
Three types of PV module with different technologies are 
used in this study.  For instance, the SIEMENS SM-55 PV 
module with monocrystalline silicon technology can deliver 
high efficiency power output under reduced light condition 
by using pyramidal textured surface [14]. Meanwhile, the 
First Solar FS-50 with CdTe technology is recommended 
when high output voltage is desired. This module uses very 
thin layers of compound semiconductor material with low 
temperature coefficients which provides for cost effective and 
greater energy production [15]. The last module is the USSC 
US-21 which is equipped with the latest new triple junction 
technology. Instead of containing glass, this module is 
composed of encapsulated polymer inside a rigid anodized 
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aluminum frame [16]. The PV module specification is 
presented in the Table I. 
TABLE I 
SPECIFICATION OF PV MODULES 
 
 
(AM=1.5; 1000W/m2; 25oC) 
  
TABLE II 
VOLTAGE AT MAXIMUM POWER POINT FOR PV MODULES AT TC AT 50OC 
 
 
 
Based on the I-V characteristic model, each PV module 
has a unique electrical performance to the variations in 
irradiance levels and cell temperature. Table II shows that 
the Vmp of SIEMENS SM-55 PV module increases 
proportionally with the variation in the irradiance levels. 
Meanwhile, the other two module types have slightly 
different responses of Vmp to the irradiance levels changes. 
The Vmp of First Solar FS-50 PV module increases as the 
irradiance level changes from 100 to 400 W/m2. The Vmp 
starts decreasing at an irradiance level of 500 W/m2. The 
USSC US-21 has a lower irradiance level (200 W/m2) at 
which the Vmp starts decreasing gradually. 
Finally, the controlled dc side voltage (Vdc) is also 
generated inside the PV module block and is defined as the 
time delay response of about 0.01s of the control signal 
output (Uc). 
B.  ANN based Estimated Optimum Voltage of PV Module 
In the proposed neural network configuration, a three 
layer system is used: an input, a hidden and an output layer 
to determine the estimated optimum voltage (Vop*) of PV 
module. The input layer consists of three nodes for the open 
circuit voltage (Voc), cell temperature (Tc) and a bias signal of 
1.0. In this study, the open circuit voltage is derived from 
(4), while the cell temperature is arbitrarily determined in 
the range of 10oC and 65oC. The number of nodes of hidden 
layer depends on the minimum error obtained during the 
training process. The output layer provides the estimated 
optimum voltage. 
In the hidden layer, the sigmoid function is utilized for 
the input-output characteristics of the nodes.  For each node i 
in the hidden and output layers, the output Oi(k) is given as 
follows: 
 
 (8) 
 
The term Ii(k) in (8) is the input signal to node i at the k-
th sampling. The input Ii(k) is given by the weighted sum of 
the input nodes as follows: 
 
 (9) 
  
In (9), wij is the connection weight from node j to node i and 
Oj(k) is the output from node j. 
To identify the optimum operating voltage accurately, the 
connection weights wij must be calculated by using typical 
patterns called the training process.  
In the training process, a set of input-output patterns for 
neural network is required. During the training, the 
connection weights wij are modified recursively until the best 
fit is achieved for the input–output patterns based on the 
minimum value of the sum of the squared errors. The 
equation of the sum of the squared errors is described as: 
 
  
 (10) 
 
where N is the total number of training patterns, t(k) is the k-
th target output from the output node and O(k) is the 
computed value. Initially, the value of connection weigths wij 
is set to random values. For all the training patterns, the 
error function is evaluated and the connection weights wij are 
updated to minimize the error in (10). 
The input for training data criteria is the open circuit 
voltage (Voc) and cell temperature (Tc). The Voc can be 
obtained from (4) with the given input of irradiance level 
between 100 and 1000 W/m2 (with increment of 50) and the 
cell temperature from 10oC to 65oC (with increment of 5oC) 
to the PV module. The reason for selecting these data due to 
the I-V characteristic model proposed by Sandia National 
Laboratories is only valid for these data range. Again, the 
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data range of Voc used as the input must also be less than or 
equal to the value of Voco in Table I. The target output is the 
voltage at maximum-power point (Vmp) which can be 
calculated in (5). There are about 200 training patterns for 
the training process due to these input-output criteria. 
During the training process, the learning rate and the 
momentum are specified to 0.2 and 0.85, respectively. 
 
 
 
Fig. 2.  Number of hidden nodes based on the total minimum 
errors 
The number of hidden nodes is selected based on the total 
minimum errors during the training process. Fig.2 shows the 
results of training process related to the total minimum 
errors and number of hidden nodes. For USSC US-21 and 
First Solar FS-50 PV modules, the total minimum errors are 
achieved when the number of hidden nodes is 5. For the 
SIEMENS SM-55 PV module, it is achieved when the 
number of hidden nodes is 6. It means that the dimension of 
connection weights wij of SIEMENS SM-55 PV module is 
slightly bigger than the other two.  
 
 
 
Fig. 3.  Average errors between Vop* and Vmp 
 
The total minimum error of First Solar FS-50 PV module 
in Fig.2 is quite higher than the other two types PV module. 
This result indicates that the First Solar FS-50 PV module 
has significant average error between the estimated optimum 
voltage (Vop*) and the target output, denoted as Vmp compared 
with SIEMENS SM-55 and USSC US-21 PV modules (see 
Fig. 3). 
C.  Fuzzy Logic Scheme for MPPT control of PV Modules 
In this section, a fuzzy logic control scheme with polar 
information is proposed for the MPPT control of PV 
modules. Similar fuzzy logic rules are already used in power 
system stabilizer (PSS) application [17]. 
In the PSS application, the generator state is represented 
in the speed – acceleration phase plane by the point P(k) in 
Fig. 4 is given by: 
 (11) 
where Zs(k) and Za(k) are the speed deviation and the 
acceleration of the generator state, respectively. In addition, 
As is the scaling factor for the acceleration Za(k).   
 
 
Fig. 4.  Phase plane of fuzzy logic control with polar 
information 
 
   
Fig. 5.  Angle membership function 
 
There are two angle membership function which are 
represented by deceleration N((k)) and acceleration P((k)) 
controls as shown in Fig.5. The angle (k) and the radius 
D(k) can be calculated by using state variables Zs(k) and Za(k) 
as follows: 
 
 (12) 
 
 (13) 
  
Another membership function in Fig. 6 is the radius, denoted 
by G(D(k)) as: 
 
 (14) 
 
 
where Dr is the radius member. 
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Fig. 6.  Radius membership function 
 
The control (stabilizing) signal U(k) is determined by the 
weighted averaging defuzzification algorithm formulated by: 
 
 (15) 
 
Based on this theory, the fuzzy control rules always bring 
the current state to the equilibrium point (O) to produce the 
desired control signal. By using this knowledge, the same 
fuzzy logic rules are used to determine the MPPT control of 
PV modules. In this case, the established control scheme is 
based on the estimated optimum voltage (Vop*) from ANN 
output and the (Vdc) of PV modules.  
Instead of using terms for the speed deviation and the 
acceleration for phase plane state, an integral error (e) and 
an error (e) are used. The integral error is assumed equal to 
the speed deviation state, while the error is considered 
similar to the acceleration state. In this paper, the error (e) is 
defined as the deviation between the estimated optimum 
voltage (Vop*) and controlled dc side voltage (Vdc) of PV 
module. In addition, the values of As and Dr are specified at 
5.0 and 0.35, respectively. 
Finally, the MPPT of PV modules can be obtained by 
multiplying either Vdc or Vop* with Imp in (4).   
III.  RESULTS IN REAL-TIME SIMULATION 
Results in real time were obtained by using the real-time 
simulator as shown in Fig.7. In this simulator, two 
computers that are embedded with Analog-Digital (AD) and 
Digital-Analog (DA) hardware with voltage signal margin 
about 10V were used. The I-V characteristic was set up 
inside the “PV Module” computer, whereas the ANN and 
fuzzy logic controller blocks were set up in the “Controller” 
computer. The “PV module” computer calculates Isc, Voc, Imp 
and Vmp based on the variation in irradiance level (E) and cell 
temperature (Tc). The real-time simulator works continuously 
by sending the Voc, Tc, Vdc and Imp signals from “PV module” 
computer to the “controller” computer to produce control 
signal (Uc) that is always fed back to the “PV module” 
computer.  For any changes in the irradiance level (E) and 
cell temperature (Tc), the estimated optimum voltage (Vop*), 
the controlled dc side voltage (Vdc) and the MPPT can be 
obtained in the “Controller” computer. 
The setting of real-time simulator was configured based 
on two simulation software environments. Initially, the 
overall system configuration was set for digital simulation by 
using Matlab Simulink ver. 6.5. Then, this program was 
compiled using software dSpace Real-time Interface (RTI) 
ver.5.0 for analog or real-time simulation. 
 
  
 
Fig. 7.  Configuration of real-time simulator 
The proposed real-time simulator configuration in this 
paper can be also called as “virtual PV module with MPPT 
controller”.  This simulator can be utilized for evaluation of 
the MPPT controller on different types of PV modules, even 
without having the PV module hardware. As a result, the 
simulator will be very simple and useful to other parties for 
evaluating the MPPT control responds of PV modules 
without visiting the PV sites.    
 
 
Fig. 8.  Voltage responses to the step changes of irradiance 
levels 
Some scenarios are implemented to evaluate the 
robustness of the proposed real-time simulator for different 
types of PV module.  
 
Fig. 9.  Daily condition of irradiance level (E) and cell 
temperature (Tc) 
 
Firstly, a step change signal of irradiance level (from 300 
W/m2 to 1000 W/m2) at constant cell temperature (Tc=50oC) 
is applied for the SIEMENS SM-55 type PV module. In Fig. 
8, both neural network and fuzzy logic controller were quite 
accurate in responding to the step change of irradiance level. 
The controller can always track down the dc side voltage 
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(Vdc) of PV module based on the estimated optimum voltage 
(Vop*) from neural network.  
The real-time simulation results for SIEMENS SM-55 
PV module based on the condition in Fig. 9 are presented in      
Fig. 10. The results show that the proposed controller was 
working perfectly to respond to the changes in the irradiance 
level and cell temperature. Again, the controller can 
optimize dc side voltage as the neural network justifies the 
estimated optimum voltage, which is used to determine the 
MPPT of SIEMENS SM-55 PV module. 
 
 
Fig. 10.  Voltage, MPPT and control signal responses for 
SIEMENS SM-55 
In the second scenario, the irradiance level and cell 
temperature as input from 5 a.m to 8 p.m on a daily basis  
are applied to the SIEMENS SM-55 PV module. Both 
irradiance level and cell temperature were changing rapidly 
and seen to be quite unpredictable due to environmental 
factors. These variables can be seen in Fig. 9.   
Finally, the same input was applied for the First Solar 
FS-50 and USSC US-21 PV modules. Since the proposed 
controller works for both modules, which are of different 
technologies and applications, it can be said that the 
controller is robust. The real time simulation result of First 
Solar FS-50 and USSC US-21 PV modules are presented in 
Fig. 11 and Fig.12, respectively. 
Based on the results in Fig. 11 and Fig. 12, the proposed 
controller was also working accurately for Cadmium 
Telluride (CdTe) and Triple Junction Amorphous Si (a-Si-3) 
PV module technologies. It is a kind of breakthrough in 
control design of MPPT PV modules in that one type of 
controller can operate for different technologies and applica- 
  
Fig. 11.  Voltage, MPPT and control signal responses for First 
Solar FS-50 
 
 
Fig. 12.  Voltage, MPPT and control signal responses for USSC 
US-21 
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tions of PV modules. Fig. 11 shows a small deviation 
between the Vdc and Vop* when the controller applied for the 
First Solar FS-50 PV module. This result could still be 
improved by increasing the number of training time of the 
ANN. Nevertheless, overall control performance showed a 
robust MPPT control of different types of PV module. 
IV.  CONCLUSIONS 
The robustness of the proposed ANN-fuzzy logic with 
polar information based control has been presented for the 
real-time maximum power tracking control of PV modules. 
ANN was used to estimate the optimum voltage of PV 
module with the input of open circuit voltage based I-V 
characteristic model and cell temperature. The fuzzy logic 
controller develops signal in real-time to keep the dc side voltage of 
PV module to its estimated optimum one. By using the real-time 
simulator the MPPT of PV modules can be tracked down for 
every variation in irradiance level and cell temperature, even 
without having the PV module hardware. A robust controller 
of MPPT was achieved since the controller responded very 
well in real-time for different types of PV module 
technologies.  
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